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Abstract: Lithium-ion battery packs are widely deployed as power sources in transportation electrification 
solutions. To ensure safe and reliable operation of battery packs, it is of critical importance to monitor operation 
status and diagnose the running faults in a timely manner. This study investigates a novel fault diagnosis and 
abnormality detection method for battery packs of electric scooters based on statistical distribution of operation 
data that are stored in the cloud monitoring platform. According to the battery current and scooter speed, the 
operation states of electric scooters are clarified, and the diagnosis coefficient is determined based on the 
Gaussian distribution to highlight the parameter variation in each state. On this basis, the K-means clustering 
algorithm, the Z-score method and 3σ screening approach are exploited to detect and locate the abnormal cells. 
By analyzing the abnormalities hidden beneath the external measurement and calculating the fault frequency 
of each cell in pack, the proposed algorithm can identify the faulty type and locate the faulty cell in a timely 
manner. Experimental results validate that the proposed method can accurately diagnose faults and monitor 
the status of battery packs. This theoretical study with practical implications shows the promising research 
direction of combining data mining technologies with machine learning methods for fault diagnosis and safety 
management of complex dynamical systems. 
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I. INTRODUCTION 
Global warming, environmental pollution and oil crisis have raised worldwide concerns [1], and 
transportation electrification can effectively mitigate their passive influences [2]. Because of lightness, 
convenience as well as abilities of alleviating urban traffic congestion and exhaust pollution, electric scooters 
(E-scooters) have become attractive solutions to travels in a short distance (such as less than 5 Km) [3]. 
Lithium-ion batteries are normally assembled into packs [4] to supply the driving power for E-scooters due to 
their advantages of high energy density, long cycle life, no memory effect and wide operation temperature [5]. 
Compared to battery systems for electric vehicles (EVs) [6], E-scooters only deploy a smaller power battery 
pack which may be composed of dozens of cells structured in a series/parallel topology [7]. Nevertheless, it is 
still imperative to employ the so-called battery management systems (BMS) to ensure safe and reliable 
operation of battery packs. [8]. As a key function of BMS, the real-time fault diagnosis and safety control of 
battery packs are always indispensable to mitigate occurrence of harmful operations [9]. Currently, fault 
diagnosis technologies have been substantially developed and applied based on advanced models and 
algorithms. However, different from other mechanical or electrical systems, lithium-ion battery packs form a 
quite complex system consisting of a variety of sub-systems, such as cells, thermal-control unit and BMS [10]. 
In recent years, increased failure risks of battery systems promote research on faster fault diagnosis and higher 
safety management [11]. 
Common electrical faults of battery packs can be divided into three categories: abuse [12], sensor faults 
[13] and connection faults [14]. Battery abuse faults mainly refer to external short circuit (ESC), internal short 
circuit (ISC), overcharge and over-discharge. Sensor faults usually indicate abnormal operation of current 
transducers as well as voltage and temperature sensors, and connection faults are usually caused by loose 
contact between neighboring cells. Abuse faults and connection faults may lead to irreversible battery damages, 
such as thermal runaway and even catastrophic accidents [15]. Generally, on-board fault diagnosis of battery 
packs is attained through setting the safe operation thresholds, by which the electrical faults can be judged by 
comparison with the actual parameter values. Although the threshold judgement is reliable and easy to 
implement, it does not allow timely, efficient and secure management of battery packs in practice, as all the 
fault types may not be reported synchronously, and potential abnormity cannot be detected only by simple 
rules. To overcome this bottleneck, model-based observation, machine learning and data mining technologies 
emerge to tackle the hidden abnormity and help prognose unexpected forthcoming behaviors [16]. Ref. [17] 
conducts a comprehensive investigation and review of model-based and signal-based fault diagnosis 
techniques for lithium-ion batteries. Ref. [18] summarizes the approaches and applications of fault diagnosis, 
which can be classified into the knowledge-based and hybrid/active methods. In [19], a two-layer model-based 
ESC diagnosis algorithm is proposed via investigating the fault characteristics of lithium-ion batteries. In [13], 
a model-based sensor fault diagnosis and isolation scheme based on adaptive extended Kalman filter (EKF) is 
employed to detect the current or voltage sensor fault with low computational efforts. In [20], an adaptive fault 
diagnosis method is proposed based on multiple nonlinear models and EKF, where the EKF is leveraged to 
estimate the terminal voltage of each model and generate the residual signals, thereby calculating the 
probabilities of fault signatures. In [21], a lithium-ion battery fault diagnosis system suitable for high-power 
scenarios is designed, and it can evaluate the degradation of lithium-ion batteries and conduct diagnosis with 
the full knowledge of internal fault mechanism. Ref. [22] proposes an online multi-fault diagnosis method 
based on a non-redundant crossed-style measurement circuit and an improved correlation coefficient approach. 
By these approaches, the cell faults can be detected by identifying the correlation coefficient of neighboring 
voltages with fault marks. In [23], a multi-fault detection method is proposed based on the improved sample 
entropy for real-time fault detection even when no obvious voltage variation appears in an early stage. The 
proposed method can effectively identify the fault type without the dependence on battery model. However, 
the inconsistency among cells is not taken into consideration. In [24], a fractional first-order resistance-
capacitance (RC) model is constructed to characterize the electrical characteristics of battery, and the random 
forest model is proposed to identify the behavior of electrolyte leakage when the ESC fault occurs. Nonetheless, 
due to complexity and nonlinearities of battery systems, the fault cause is difficult to identify or judge in 
practical operations [25]. Although these works have advanced a body of fault diagnosis algorithms, most of 
them are simply based on static experiments data, which may be not qualified for complex time-varying 
operating scenarios [26]. 
Presently, statistical methods have been widely employed for fault diagnosis [27] and also applied to 
safety management of battery systems [28]. Through analysis and training of a large number of historical 
operation data, an early fault warning algorithm using long short-term memory (LSTM) network is proposed 
for the prediction of voltage abnormity [29]. Ref. [30] proposes a statistical method to detect the abnormal 
variations of cell terminal voltages based on the Gaussian distribution and a multi-level screening strategy. Ref. 
[31] presents a voltage fault diagnosis method based on the improved Shannon entropy, in which the 
forthcoming voltage fault can be effectively predicted and prevented. In [32], an interclass correlation 
coefficient (ICC) method is investigated to calculate the correlation values of voltages of adjacent battery cells 
for fault diagnosis and fault location. However, the proposed methods in these works [29-32] are mainly based 
on the voltage data of a single cell in battery packs, and they cannot accurately diagnose faults and anomalies 
incurred by variation of other parameters, such as current, temperature and even power demand. 
In short, the conventional fault diagnosis methods for lithium-ion battery packs, to the authors’ knowledge, 
are inefficient for detecting the faults and abnormalities and locating faulty cells of battery packs. To address 
this issue, a systemic faults diagnosis method and a voltage abnormality detection approach are mainly 
investigated and developed for the battery pack based on the E-scooter monitoring and service platform. 
Through comprehensive analysis of operation data of the battery pack in E-scooters, we use the statistical 
technology to analyze the distribution characteristics of each parameter in battery packs and design the 
abnormal state detection coefficients. For the systemic fault diagnosis, by incorporating a data visualization 
technique, the proposed algorithm can classify the operation status of battery packs and effectively diagnose 
the potential faults. The operating state of E-scooters is classified and identified according to the current of 
battery packs and the speed of E-scooters. Since the parameters vary dramatically in different modes, such as 
running, charging and rest, an effective classification is employed to avoid the occurrence of misdiagnosis. 
The abnormal state detection coefficient is comprehensively designed according to the distribution 
characteristics of parameters’ variation. The systematic faults of battery pack and possible abnormal state can 
be diagnosed by one coefficient. For the voltage abnormality, an accurate detection and location algorithm of 
the abnormal cell voltage are attained by combining the data analysis method and the visualization technique. 
Firstly, the faulty or abnormal battery cells’ voltage is roughly identified and classified using the K-means 
clustering algorithm [33]. Secondly, the abnormal cell voltage is located based on the designed coefficient that 
is calculated according to the Z-score theory [34]. Finally, for the sake of diagnosing health status of cells in 
battery packs, the fault occurrence frequency of cells voltage is calculated based on the 3  screening strategy 
[30]. Through the analysis of fault frequency for cells voltage in time domain, it can contribute to prognostics 
and then provide early warning of potential faults. In summary, this research paper is a theoretical study with 
practical implications for online fault and abnormality diagnosis of lithium-ion batteries, and the main 
innovations and contributions of this study can be attributed to the following two aspects: 1) A diagnosis 
coefficient is designed based on the distribution characteristics of each parameter in battery packs. By applying 
the designed coefficient, the systematic faults of battery pack and possible abnormal state can be timely 
diagnosed. 2) The t-SNE technique, The K-means clustering and Z-score methods are exploited to detect and 
accurately locate the abnormal cell voltage. In addition, the fault frequency of cells voltage in time domain is 
calculated based on the 3  screening strategy. According to the fault frequency, it can prognose the potential 
faults of cells in a timely manner.  
The remainder of this study is structured as follows. The monitoring platform and the data sources of this 
work are briefly introduced in Section II. Section III gives the detailed derivation for the proposed fault 
diagnosis method. In Section IV, the results of fault diagnosis for battery packs are presented and discussed. 
Section V investigates the abnormal detection of cell voltage, and the conclusions are given in Section VI. 
II. THE MONITORING PLATFORM AND DATA ANALYSIS 
The operation safety of battery systems is one of the main issues hindering application and market 
penetration of E-scooters and EVs. In addition to the built-in fault diagnosis system in BMS of battery packs, 
a real-time management platform that can monitor battery operation and provide decision-making reference 
for end-users and manufacturers is also a feasible solution, as shown in Fig. 1. The platform can not only 
acquire and diagnose real-time operating data, but also predict operation conditions of E-scooters by means of 
analyzing historical and current operation data. Note that the E-scooter investigated in this study is equipped 
with a battery pack with the rated voltage of 48 V, and its maximum speed is 25 Km/h. The whole operation 
data are transmitted to the monitoring platform between the BMS and central platform through wireless 
communication, and the original data are compiled via the communication protocol. In this paper, we mainly 
investigated the faults diagnosis of E-scooter’s battery system, and the selected data in this paper include the 
E-scooter’s speed, battery pack voltage, current, SOC, temperature and the voltage of cells. Through these data, 
we can evaluate the operation state of battery pack in E-scooters. The specification and dimension parameters 
of the battery pack are shown in Table I.  
Power battery pack
Electric Scooter
  State information and telemetry data
Monitoring platform: Data analysis and visualization
 
Fig. 1. The architecture of monitoring platform. 
Table I. The specification parameters of the battery pack 
Parameters Value 
Nominal Voltage (V) 48 
Nominal Capacity (Ah) 24 
Pack Weight (kg) 8±0.05 
Size (mm) 145.5×178.5×283 
To intuitively analyze the evolution characteristics of vehicle parameters, the monitoring curves of typical 
measurements in one month are shown in Fig. 2. Note that the negative current represents the discharging 
mode, and in contrast, the positive current indicates the charging mode. In addition, there exist three 
temperature sensors deployed to record the surface temperature of battery cells in a pack, allowing for a rough 
judgment of the consistency of battery pack based on the three different measurements. As can be seen from 
the partial figure of Fig. 2, when the speed is greater than zero and the current is less than zero, the driving 
power provided by the motor increases, and consequently the voltage and SOC decreases. However, a sudden 
change of one parameter may lead to a chain reaction. For instance, when the battery pack is being charged, 
an abnormal voltage signal may indicate over-voltage or under-voltage faults, even other parameters look 
normal. From this point of view, one can conclude that the fault type needs to be determined according to not 
only the immediate measure, but the variation range of different parameters. Table II shows the normal range 
of several parameters and the typical faults. It is noteworthy that we mainly focus on these electrical and 
thermal faults in this study. 
 
Fig. 2. The measurement of E-Scooters. 
Table II. Normal range and possible failure of several typical parameters 
Parameters Normal range Possible faults 
Pack voltage (V) [38.5, 58.8] Over-voltage/Under-voltage 
Speed (Km/h) [0, 25] Over-speed 
Current (A) 
Charge (0, 8] 
Open circuit/Short circuit/Discharge over-current 
Discharge [-24, 0) 
Temperature (℃) [-10, 50] Temperature anomaly/Excessive temperature difference 
Cell voltage (V) [2.75, 4.20] Over-voltage/Under-voltage/ Large voltage difference 
 
In the next step, the diagnosis algorithms are devised based on the measurement variation and the 
characteristics of different faults. 
III. METHODOLOGY 
In practical applications, failures seldom occur, and the fault data only account for a small portion of all 
the operation data. If the variation of measurement is only influenced by random errors, the statistical 
distribution is supposed to comply with the Gaussian distribution, which is consequently employed to describe 















A. The Status Division of E-Scooter 
From Fig. 2, the related parameters of the studied battery pack vary dramatically in different states and 
obviously are not in line with the Gaussian distribution. To cope with it, the E-scooter operating state needs to 
be firstly identified and classified. Usually, the operation states of E-scooters can be divided into four 
categories, namely, discharging, charging, rest/dormancy and offline state, as listed in Table III. For simplicity, 
the current and speed are hereinafter referred to as C and S, respectively. The judgement conditions for cases 
1 and 3 are explained as below. Intuitively, one of determination conditions for case 1 is C<0 and S=0. When 
a sudden stop occurs, the motor control module continuously sends current request to the BMS; and in this 
case, S equals zero but the discharge operation continues. C=0 and S=0 can easily identify the operating status 
of case 3; and however, another condition of -1<C<0 and S=0 can also refer to the occurrence of case 3, as 
when the E-Scooter is still (such as waiting for a traffic light), i.e., S=0; small discharge current will be incurred 
due to the self-consumption of on-board control and driving units. Thus, the judgement condition can be 
reformulated to -1<C≤0 and S=0. Actually, the parameters of a battery pack vary within a certain range case 
by case, and the statistical principle complies with the previously mentioned Gaussian distribution. The next 
step is to perform a mathematical modeling process for diagnosis and detection based on the Gaussian 
distribution characteristics. 
Table III. The classification of states for E-Scooters  
Classification Description Judgement conditions 
Case 1 Discharge C<0 & S≥0 
Case 2 Charge C>0 & S=0 
Case 3 Rest or dormancy -1<C≤0 & S=0 
Case 4 Offline Else 
B. Mathematical Modeling of Systemic Faults Diagnosis Method  
The statistical model of fault diagnosis and anomaly detection are established based on the statistical 
algorithms, of which the diagnostic criteria are designed with the consideration of variation of each parameter. 
The specific mathematical model is derived as follows. The operating data are acquired from a monitoring 
platform, including the battery pack voltage V, battery current C, SOC, vehicle speed S and temperature T. By 
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Then, a matrix for E-scooter state can be yielded at time t , as: 
 ˆ[     ]t t t t t tD T T V C S=   (3) 
Next, a matrix of states over a period can be calculated by repeating (3): 
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Consequently, the mean value of the matrix corresponding to each state can be calculated, as:  
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where j  represents the j th variable in the i th vector. Similarly, the standard deviation   and variance 
2  of each numerical matrix can be yielded, as:  
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tf  and 3
j
tf  represent the first, second and third vector of the coefficient matrix tf . Based on 
(9), the coefficient matrix f  can be calculated from a large number of normal operating data to determine 
P  at each moment. The threshold   of P  needs to be set for fault diagnosis. 
C. The Method of Voltage Abnormality Detection for Cells 
To ensure the operation security and reliability of the battery pack, it is imperative to monitor the operation 
status and diagnose the state of health (SOH) for each battery cell. However, the diagnosis and analysis of each 
cell’s voltage imposes significant computational burden and reduces the real-time performance of diagnosis. 
To address this issue, the high-dimensional monitoring data (each cell data is regarded as one-dimension) of 
all cells’ voltage is compressed to two-dimension data using the t-distributed stochastic neighbor embedding 
(t-SNE) technique [35], which is an effective data visualization tool that produces better visualization by 
converting the tendency to crowd points in the center of map. The dimensionality reduction process based on 
the t-SNE can improve the readability of data and meanwhile reserve the crucial information contained in the 
original data. After the dimension reduction, the K-means clustering algorithm is exploited to perform the 
cluster analysis for screening the abnormal cells voltage in the battery pack. The abnormal cell is then located 
based on the detection criterion by combining the Gaussian distribution principle and the Z-score method. The 
K-means clustering algorithm and the Z-score method are employed to achieve the two-step fault diagnosis 
and location for cell voltage. The K-means clustering algorithm is an unsupervised division clustering 
segmentation method, which can be effective to eliminate singular sample points that are not consistent with 
the actual class labels [36]. The Z-score, referred to as the standard score, stems from the standard deviation, 
and features the function of risk prediction. Therefore, it is often employed as a measurement of discrete degree 
between individuals in a group [31]. The mathematical modeling of voltage anomaly diagnosis is presented as 
follows. 
Similar as before, a diagnostic coefficient of voltage anomaly is designed based on the probability density 














Due to the inconsistency of battery cells, the voltage measurement of cells is different most of time. In 
particular, the voltage fluctuation of fault cells may be the most or least in a certain period of time; and thus, 
the voltage probability density calculated from the standard deviation and mean values may not be able to 
accurately detect the voltage faults. Therefore, we calculate the voltage anomaly coefficient according to the 







=  (12) 
where x  is the target sample,   is the mean value of all samples, and   is the standard deviation of 
samples. The value of Z represents the distance between the target sample and the mean value of the original 
samples based on the standard deviation. When the target sample is lower than the mean value, Z is negative; 
otherwise, it is positive. Based on the Z-score method, the voltage anomaly coefficient is calculated, as: 
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where ( )iP t  is the probability density value of i th cell voltage at time t , k  is the number of cells and 
14k =  in this work, and ( )P t  is the standard deviation of probability density for all the cells’ voltage at 
time t . When the Z value of voltage for each cell is obtained, and it can be then used to determine which cell 
is abnormal. To analyze the characteristics and evolutions of fault states for each cell voltage in the battery 
pack, a fault diagnosis model is established in time domain. Generally, there are two reasons for the differences 
among cell voltages: systematic fault and random error. We assume that the voltage of cell is only affected by 
random error, and the diagnosis criteria are built by the Gaussian distribution to detect the fault cell voltage. 
Currently, the 3  screening strategy has been widely adopted based on the Gaussian distribution probability 
for fault-free data centralized screening [30], and for this reason, we continue to employ the 3  principle to 
screen the fault data in time domain. By calculating the mean value   and the standard deviation   of cell 
voltage for all the sample data, the difference value between the cell voltage 
t
iV  and   can be obtained, as: 
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According to (15), the fault matrix at time t can be constructed, as: 
 ,1 ,( , , )t t t nF F F=  (16) 
where , 0t iF =  or 1. The fault matrix for a specific period of 0 1( )t t  can be yielded, as: 
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where i  denotes the fault vector of the day i ; j  is the number of cell in battery pack; jdayFH  is the fault 
frequency of j th cell for a day; and ,i jdayF  is the fault state of j th cell at time i . 
D. Algorithm Design 
The parameters of the diagnosis model are identified by analyzing and training the off-line data. The 
monitoring platform can provide historical operation data, of which the frequency demanded by the monitoring 
platform is 0.1 Hz. Since the operation data are inevitably affected by noises, sensor errors, and BMS errors 
when acquiring and transmitting the measurement, the raw data exported from the monitoring platform include 
some inferior values, so that it cannot be analyzed directly by statistical methods. To cope with this issue, the 
original exported data are further processed to ensure that the data for modeling are valid. The framework and 
flow chart of faults diagnosis and abnormality detection is shown in Fig. 3. As can be seen, the whole 
framework includes three modules, namely the data cleaning and washing module, systemic faults diagnosis 
module and the abnormality detection module of cells voltage. In the systemic fault diagnosis module, the 
primary task is to properly process the raw data, then the operation status of E-Scooter needs to be identified, 
and thus the diagnosis accuracy can be improved. Finally, the model needs to be evaluated under different 
operating conditions to verify its feasibility, reliability and stability. In the abnormality detection module of 
cells voltage, the K-means clustering algorithm is firstly exploited to screen the abnormal voltage data. Then, 
the Z-score method is employed along with the Gaussian distribution to detect and locate the abnormal cells. 
Through the mathematical analysis and modeling based on the relevant historical operation data, the online 
fault diagnosis and abnormality detection scheme can be constructed to achieve the real-time status monitoring 
and fault diagnosis. During the analysis process of fault diagnosis modeling, one critical step is to determine 
the threshold   of the fault diagnosis coefficient P , which typically requires a large amount of offline data 
for trial-and-error. When   is determined, P  can be calculated at each moment to determine the state of E-
scooter.  
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Fig. 3. The framework and flow chart of faults diagnosis and abnormality detection. 
Next, a series of diagnosis results for systemic faults are presented, and the corresponding discussions are 
conducted. 
IV. RESULTS AND DISCUSSION 
For the systemic fault diagnosis, the operation status of E-scooter is firstly identified to improve the 
diagnosis accuracy. The diagnostic criterion P  is then set to diagnose the systemic faults. Based on P , the 
faults caused by the voltage, current, temperature of battery pack and the speed of E-scooter can be diagnosed 
simultaneously. In this section, the threshold   of P  is firstly determined using the historical operation data 
of E-scooters. 
A. Threshold Determination of the Diagnostic Coefficient 
The coefficient matrix f   in (9) is calculated using the processed data from 50 E-scooters after 
removing the abnormal values. Then, the data of other 30 E-scooters are divided into two parts: normal data 
and abnormal data. The P   corresponding to normal and abnormal part data is respectively calculated 
according to (10), and the threshold    of P   is determined through the comparative analysis. The 
calculated values of P  for the normal part and abnormal part data are shown in Fig. 4. As can be seen from 
Fig. 4 (a), P  varies dramatically. In this case, the coefficient corresponding to a single parameter is less than 
1, it increases the change rate of P  when multiplied by several coefficients. Furthermore, a slight change in 
one single coefficient may result in several orders of magnitude increase of P . Nonetheless, it can be seen 
from the enlarged view of Fig. 4 that P  corresponding to the normal part of the data is greater than 3×10-5, 
while that corresponding to the abnormal part of data is less than 1×10-5. Hence, according to the calculation 
results, the threshold    of P   is set to 1×10-5 in this work. As P   is sensitive to the abnormality of 
corresponding parameters, P  may be far less than 1×10-5 when the fault occurs. Note that when P  is less 





Fig. 4. The calculated results of P  for different samples. (a) Normal data. (b) Abnormal data. 
B. Faults Diagnosis for Battery Pack 
To verify the fault diagnosis ability of proposed method for battery packs, the partial random historical 
operation data of one E-scooter is considered for validation. Note that the E-scooter selected for validation is 
excluded from the data of 86 E-scooters for training. Based on the calculated results of P , it can be found that 
P  is equal to 0 (less than 1×10-10) at three moments, and in this case the systematic state shows a malfunctional 
alarm. The calculated P  and corresponding parameters are listed in Table IV, and the parameters curves are 
shown in Fig. 5. According to P  and other parameters, it can be judged that excessive temperature difference 
fault, discharging over-current fault and abnormal temperature fault occur at 66921 s, 72338 s and 114251 s, 
respectively. It can be seen from Fig. 5 (a) that the abnormal drop of the second temperature value at 66921 s 
results in a temperature increase of 5 °C, and P  is far less than 1×10-10 at this moment. The temperature 
difference among different locations in the battery pack can represent the consistency of cells to some extent. 
As can be obviously observed from Fig. 5 (b), the discharge current of the battery pack reaches 48.2 A at 72338 
s, which is much more than the upper boundary (24 A) of the normal range listed in Table II. However, the 
corresponding speed of E-scooter is only 13.6 km/h at this moment, and it should be within the normal range 
[0, 25]. From initial analysis, the over-current fault may be raised by the extreme operation of E-scooter, such 
as emergency uphill. Fig. 5 (c) shows that the value of temperature rises sharply at 114251 s in the third time, 
and then quickly returns to the original value. Nevertheless, the voltage, current and SOC of battery pack at 
this time are normal according to the criteria shown in Table IV, and the speed of E-scooter is only 1.1 km/h, 
indicating that the abnormal temperature fault may be caused by the acquisition error of the temperature sensor. 
Therefore, the diagnosis results highlight that the proposed method can quickly and accurately diagnose the 
over-current fault, excessive temperature difference fault and sensor sampling fault caused by the parameters 
abnormality of battery pack. 
Table IV. The value of corresponding parameters and P  for faults state. 
Time (s) Voltage (V) Current (A) Speed (Km/h) T (℃) T̂ (℃) P  System state 
66921 54.4 -0.1 11.8 5 16 0 Fault Alarm 
72338 49.7 -48.2 13.6 0 20 0 Fault Alarm 
114251 51.3 0 1.1 44 26.67 0 Fault Alarm 
 
(a)                                              (b) 
  
(c) 
Fig. 5. Partial faults data of the battery pack.  
C. The Status Monitoring of System in Real Time 
Based on the operation data recorded by the E-scooter in real time, the system status can be determined 
by calculating P  at each moment. Fig. 6 (a) shows the variation of P  for an E-scooter that is selected 
randomly within a certain period, and Fig. 6 (b) to (d) depicts the variation curves of different parameters 
including battery pack’s voltage, current, SOC, temperature and the speed of E-scooter during this period. It 
can be observed from Fig. 6 (a) that P  is less than 1×10-5 occasionally but more than 1×10-6 in all the 
remaining time, indicating that the E-Scooter operates normally, and no fault occurs during this period. It can 
be seen from Fig. 6 (b) that the voltage, current and SOC are all within the normal range. As shown in Fig. 6 
(c), the three temperature values are equal most of the time during this period and the temperature difference 
reaches 2 ℃ occasionally. As can be found from Table II, the speed does not exceed 25km/h, and it is obvious 
from Fig. 6 (d) that the speed is slightly above 25 km/h for some timeslots. Although the temperature difference 
and the E-scooter speed are only slightly beyond the normal range, the calculated P  varies significantly and 
occasionally becomes less than the preset threshold. Since the probability density values are less than 1, P  
will become smaller when several numbers are multiplied. Hence, as long as one parameter is slightly abnormal, 
the diagnosis coefficient P  will be much smaller or even decrease by several orders of magnitude. Therefore, 
based on the designed fault diagnosis coefficient, the proposed method can not only effectively diagnose the 
system fault, but also detect the abnormality of the battery pack in real time. 
 
 
Fig. 6. The diagnosis results and variation curves of corresponding parameters for battery pack in real time. (a) The 
value of diagnosis coefficient P  for battery pack; (b) The variation curves of voltage, current and SOC; (c) The 
temperature variation curves; (d) The speed of E-scooter at each moment.  
V. FAULTS DIAGNOSIS AND PROGNOSIS OF CELL VOLTAGE 
As discussed above, the faults diagnosis and abnormality of battery pack can be detected in real time. In 
addition, timely detection and positioning of faults and defects of cells can improve the health and safety of 
the whole battery pack. 
A. Abnormal Voltage Diagnosis and Location 
In this study, the voltage data of 14 cells in a battery pack is firstly applied to conduct the dimensionality 
reduction based on the t-SNE, and the result of dimensionality reduction is then analyzed according to the K-
means clustering algorithm. The corresponding clustering result is shown in Fig. 7 (a). As can be seen, the 
compressed data are divided into several clusters according to their similarity and distance. In the same cluster, 
a fraction of outliers locating far away from the clustering center highlight some probable abnormal/fault 
tendency. This is likely to be caused by the abnormal data, such as those in the dotted circle of cluster 1. There 
also exist a small portion of independently clustered data, such as cluster 2 in Fig. 7 (a), which differ clearly 
from other clusters. Typically, this type of cluster is caused by the fault data. In general, the data visualization 
and clustering analysis contribute to visualization of abnormal cells by classifying the abnormal cells data. 
Then, the Z value calculated by (13) for each cell is employed to identify the abnormal voltage of cell. Next, 
the calculation results obtained from the real voltage data of cells are illustrated in detail.  
 
 
Fig. 7. The diagnosis results and voltages of a battery pack cells. (a) The results of K-means Clustering. (b) The voltage 
curves of all cells. (c) The values of Z for all cells. 
To illustrate the diagnosis performance and evaluate the accuracy of abnormality location of the proposed 
method, all the cells’ voltage in a short period (3600 s) is considered as an example, and the corresponding 
voltage variation curves and diagnosis results are shown in Fig. 7 (b) and (c), respectively. As can be found, 
the voltage of cells 3 and 4 is maximum and minimum in this period, deviating significantly from the other 
voltage curves. In particular, the voltage curve of cell 4 fluctuates obviously, and the voltage drops rapidly at 
81 s and 110 s, reaching the maximum difference of 453 mV. The voltage abnormality of cell 4 results in the 
degraded electrical performance and leads to the fault of excessive voltage difference during the discharging 
stage. As shown in Fig. 7 (c), the Z values of cells 3 and 4 are much larger than those of other cells and fluctuate 
more significantly, manifesting that the proposed voltage anomaly coefficient can accurately diagnose the 
voltage anomaly and locate the fault cells. Therefore, the proposed method for voltage fault diagnosis can 
detect the aberrant battery cell accurately in a timely manner, thereby enabling great significance to prognosis 
and safety management of future battery failures. 
B. Prognosis of Voltage Faults in Time Domain 
In this study, a large amount of voltage data are analyzed based on the Gaussian distribution. For the sake 
of intuitive analysis of fault diagnosis results and potential faults, the fault frequency is investigated to describe 
the health status of cells. We need to respectively count the normal and abnormal amount of data for the cell 
voltage over a period. Taking the data of a battery pack within one month as an example, the fault frequency 
matrix is calculated according to (14) to (18), and the fault frequency distribution is shown in Fig. 8 (a). As 
can be seen, on the 12th day, except for cells 3 and 6, the voltage measurements of other cells are abnormal 
for a short period, which may be caused by the improper operating behavior of E-scooter. To further analyze 
the cause of this fault, the corresponding cells voltage data and the voltage difference value V  calculated 
based on (14) are shown in Fig. 8 (b) and (c), respectively. It can be observed from Fig. 8 (b) that the cell 
voltage consecutively declines and is less than 3.4 V during the period of 5560 s to 6620 s, indicating the 
battery pack is continuously discharged. In particular, during the short time period of 6600 s to 6610 s, although 
all the cells are already in a low voltage state, the battery pack is still discharged with a high rate current at this 
time, thus leading to a rapid drop in voltage. Through corresponding calculation, the 3  value of all cells 
historical voltage is 630.02, and at 6607 s on the 12th day, except the V  of Cell 3 and Cell 6 are less than 
the 3 , the V  of other cells is greater than 630.02. From Fig. 8 (b), we can also find that the voltage of all 
the cells drops sharply at 6607 s, and then quickly returns to the original value. From this point of view, the 
experimental results highlight that the proposed method can accurately detect the voltage abnormality. From 
the detection results and the voltage variation trajectories of cells, it can be concluded that the detected 
abnormality is a rapid descent of voltage caused by the battery pack that is discharged with a high rate current 
in a low voltage stage. This kind of improper behavior that the E-scooter operates in the extreme environment 
may trigger the over-current and under-voltage faults of cell. As can be seen from Fig. 8 (b), the voltage of 
Cell 4 is minimum during both the charging and discharging process, and it even drops to 2.942V at 6607 s, 
which is far lower than that of other cells. The voltage of Cell 4 obviously deviates from the normal voltage, 
and the extreme operation of E-scooter generates a significant impact on Cell 4 at 6607 s. Thus, we can 
summarize that the abnormality of Cell 4 is mainly caused by the deterioration of its own electrical 
performance. To sum up, it is reasonable that we attribute the detection fault of most of cells on 12th day to 
the improper scooter operation and ascribe the abnormality of Cell 4 to the deterioration of its electrical 
performance. By means of the discussion, we can conclude that the proposed statistical method can calculate 
the fault frequency by constructing the abnormality detection model of the cell voltage in time domain, and 
then it can be employed to further analyze the reason of the faults. The fault frequency of cell voltage can also 
be used for quantitatively evaluating the cells’ health status in battery packs. Thus, the proposed method is of 




Fig. 8. The frequency distribution of voltage fault and partial diagnosis results of voltage abnormality. (a) Fault frequency 
distribution of cells voltage in a month; (b) The voltage curves of all cells on the 12th day; (c) The values of V  for all 
cells on the 12th day. 
VI. CONCLUSION 
This paper presents a statistical method for fault diagnosis and abnormality detection of battery systems 
of electric scooters based on the data collected from the central monitoring platform. The work is conducted 
primarily in the whole system troubleshooting and internal cell voltage anomaly detection. For the faults 
diagnosis of the whole system, firstly, the electric scooter operation state is divided into four cases according 
to the battery current and speed. Then, the probability density of data for each moment is calculated by taking 
the advantage of the characteristic that each parameter variation is in line with the Gaussian distribution. Next, 
the probability density values corresponding to all parameters are multiplied as the fault diagnosis coefficient. 
The validation results manifest that the proposed method can accurately diagnose the system faults and 
abnormalities and can be applied to the real-time safety management of electric scooters. In addition, the 
combination of data analysis and visualization methods enable timely and accurate detection of the cell voltage 
abnormality. Furthermore, the fault frequency analysis in time dimension provides further insight into the 
occurrence time and location of abnormality. 
Since the designed diagnosis system does not require additional equipment and energy consumption, it 
has been applied to the fault diagnosis and state monitoring of E-scooters. In the next step, we will continue to 
optimize the proposed algorithm and develop advanced methods for fault diagnosis to reduce the computation 
burden imposed on the host monitoring platform. In addition, although this work mainly focuses on small 
battery packs, the proposed method is also applicable to fault diagnosis of high-power battery system, such as 
those in electric vehicles. Therefore, the method of combining data mining with machine learning will be 
further applied to security management of complex dynamic systems due to its great application perspective. 
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